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Abstract. Utilizing China's "Broadband China" demonstration city strategy as a
quasi-natural experiment, and based on panel data of A-share listed companies
from 2010 to 2020, we employ a time-varying Difference-in-Differences (DID)
model for empirical examination. We sequentially propose a theoretical frame-
work containing the aggregate effect (H1) and four hypotheses regarding the
mechanisms of reducing information costs (H2), accelerating knowledge spillo-
ver (H3), and alleviating financing constraints (H4). The empirical results vigor-
ously support the core hypothesis H1, namely that digital infrastructure construc-
tion significantly enhances the innovation quality of local firms (measured by
invention patents). Dynamic effect analysis indicates that this promoting role pre-
sents a trend of sustained enhancement following policy implementation. This
study provides solid empirical evidence for understanding the micro-level returns
on digital infrastructure investment in the digital age.
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1 Introduction

Currently, the digital economy has become a new dynamic for global economic growth,
and data is becoming a critical factor of production, profoundly changing firms' pro-
duction functions and competitive methods!'!. Early research on the economic effects
of infrastructure focused on traditional public capital like transportation?l. Subse-
quently, the significant promoting effect of telecommunications infrastructure on mac-
roeconomic growth), In recent years, with the popularization of the internet, numerous
studies have confirmed the positive impact of broadband and high-speed networks on
regional development, employment, and firm productivity®.

Digital technology is fundamentally changing the processes of innovation and entre-
preneurship, making innovation activities more dependent on data and connectivity!¢l.
Given this, utilizing the "Broadband China" demonstration city policy implemented in
phases by the Chinese government as an exogenous shock, this paper aims to identify
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the causal effect of digital infrastructure construction on firm innovation quality and its
specific transmission mechanisms.

The mainstream view suggests that reduced information friction and improved re-
source allocation efficiency are more conducive to promoting substantive, high-level
innovation activities rather than low-level imitation. Accordingly, we propose the core
hypothesis H1:

H1: Digital infrastructure construction significantly enhances the innovation quality
of local firms (characterized by high-tech content invention patents).

High-speed internet drastically reduces the information search and transaction costs
for firms when searching for technological paths, matching partners, and understanding
market demands!”, thereby optimizing R&D decisions and improving innovation suc-
cess rates. Accordingly, we propose mechanism hypothesis H2:

H2: Digital infrastructure promotes the improvement of firm innovation quality by
reducing information search and transaction costs.

Based on network externality theory®!, digital infrastructure breaks the geographical
boundaries of knowledge dissemination. The application of digital tools accelerates
cross-regional tacit and explicit knowledge spillover. Accordingly, we propose mech-
anism hypothesis H3:

H3: Digital infrastructure improves firm innovation quality by breaking geograph-
ical restrictions, accelerating knowledge spillover, and promoting open innovation co-
operation.

As the cornerstone of digital finance (FinTech) development, digital infrastructure
enables financial institutions to use big data "digital footprints" (soft information) for
low-cost credit assessment, substituting traditional collateral guarantees, thereby alle-
viating financing constraints for innovative SMEs®!%. Accordingly, we propose mech-
anism hypothesis H4:

H4: Digital infrastructure alleviates firms' financing constraints by empowering the
development of digital finance, thereby improving innovation quality.

2 Research Design

2.1  Model Specification

To enhance national digital capabilities, China launched the "Broadband China" strat-
egy in 2013 and selected demonstration cities for key construction in three batches
(2014, 2015, and 2016). The selected cities received significant policy support in areas
such as fiber optic network coverage and network speed enhancement. This feature of
phased implementation provides an ideal quasi-natural experiment. This paper employs
a time-varying Difference-in-Differences (DID) model to evaluate the net effect of pol-

icy:
Innovation;=a,+p, (Treat;xPost; )+y Xt +A+ej

Where Innovation;; isthe dependent variable measuring firm innovation quality.
Treat; X Post;,is the core explanatory variable (DID interaction term), taking the
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value of 1 if the firm's registration location is listed as a demonstration city and it is in
the year of policy implementation or later, and 0 otherwise. Its coefficient §;measures
the net policy effect; if significantly positive, it supports the core hypothesis H1. X;; is
a series of time-varying firm-level control variables.yu; and A, are firm individual
fixed effects and year fixed effects, respectively, to control for time-invariant firm char-
acteristics and macro shocks varying with time.We cluster standard errors at the city
level to address potential serial correlation problems!*!.

2.2 Variables and Data

We select Chinese A-share listed companies from 2010 to 2020 as the sample. We ex-
clude financial firms, ST/PT firms, and samples with serious missing data, and perform
winsorization at the 1% and 99% percentiles for continuous variables.

1.Dependent Variable (Firm Innovation Quality InlnvPat): To accurately measure
the "quality" rather than mere quantity of innovation, referencing existing authoritative
literature!'?], we use "invention patent applications," which have the highest technical
content. It is specifically defined as the natural logarithm of the firm's invention patent
applications in the current year plus one. Data is sourced from the CNRDS database.

2.Core Explanatory Variable (DID Interaction Term Did): This is Treat; X
Post;sin the model. It is determined by matching the "Broadband China" demonstration
city list published by the Ministry of Industry and Information Technology with the
firm's registration location.

3.Control Variables (Controls): We control for the following factors that may affect
firm innovation: Firm Size (Size, log of total assets), Leverage (Lev, total liabilities/to-
tal assets), Return on Assets (ROA, net income/total assets), Firm Age (Age, log of
years since establishment), Shareholding of the Largest Shareholder (Top1), and State-
Owned Enterprise Status (SOE, dummy variable). Financial data is sourced from the
CSMAR database.

3 Empirical Results and Analysis

3.1 Descriptive Statistics

Table 1 reports the complete descriptive statistics results. The mean value of the de-
pendent variable InlnvPat is 2.105, with a large standard deviation (1.682), indicating
significant differences in innovation quality among different firms. The mean value of
Did is 0.285, meaning that approximately 28.5% of the sample observations were af-
fected by the policy shock. The distribution of other control variables is within a rea-
sonable range.
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Table 1. Descriptive Statistics.

Variable Symbol Variable Definition N Mean SD Min Max
Log of invention patent
InInvPat . 24,560 2.105 1.682 0 6.854
applications
. DID interaction term
Did . 24,560 0.285 0.451 0 1
($Treat \times Post$)
. Firm size (log total as-
Size 24,560 2231 1.254 19.85 26.12
sets)
Lev Leverage ratio 24,560 0.432 0.195 0.051 0.885
ROA Return on Assets 24,560 0.041 0.065 -0.152 0.215
Age Log of firm age 24,560 2.854 0.351 1.609 3.85
Shareholding of largest
Topl 24,560 0.345 0.148 0.085 0.752
shareholder
State-owned enterprise
SOE 24,560 0.365 0.481 0 1

dummy

3.2  Baseline Regression Results: Testing Hypothesis H1

Table 2 presents the baseline regression results testing the core hypothesis H1. Column
(1) shows results without control variables, and Column (2) is the baseline model with
control variables added. Figure 1 shows that after controlling for firm characteristics
and fixed effects, the coefficient of the core explanatory variable Did is 0.186 and is
significant at the 1% level (standard error is 0.052, t-statistic is approx. 3.58). This in-
dicates that, compared to non-demonstration cities, the invention patent applications of
firms located in "Broadband China" demonstration cities increased by an average of
approximately 18.6% after policy implementation. This result vigorously supports the
core hypothesis H1, indicating that digital infrastructure construction has significantly
enhanced the innovation quality of local firms.

Table 2. Baseline Regression Results.

Variables (1) InInvPat (2) InInvPat

Did 0.215%%* 0.186%**
-0.058 -0.052

Size 0.4]2%**
-0.031

Lev -0.585%%*
-0.115

ROA 1.254%%*
-0.352
Age -0.115%
-0.068

Topl 0.205%*
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Variables (1) InInvPat (2) InInvPat
-0.095
SOE -0.085
-0.072
Controls No Yes
Firm FE Yes Yes
Year FE Yes Yes
Observations 24,560 24,560
R-squared 0.285 0.342

*Note: Robust standard errors clustered at the city
level are in parentheses. ***, * * denote signifi-
cance at the 1%, 5%, and 10% levels, respec-

tively.
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Fig. 1. Baseline Regression Results: Coefficient Estimates (Model 2).

3.3 Parallel Trend and Dynamic Effects

A prerequisite for identifying causal effects using the DID method is that the treatment
group and the control group satisfy the parallel trend assumption before policy imple-
mentation. Following the method, this paper employs an event study approach to con-
struct a dynamic model for testing!'3!. Table 3 reports the complete regression results.
Pre_k and Post_k represent dummy variables for the kth year before and after policy
implementation, respectively (using one year before the policy as the baseline group).
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The results show that before policy implementation (Pre_3, Pre 2), the estimated
coefficients of the interaction terms are minimal and statistically insignificant (t-statis-
tics are all less than 1), indicating that there was no systematic difference in innovation
trends between the treatment group and control group before the policy, satisfying the
parallel trend assumption and confirming the validity of the DID model. In the year of
policy implementation (Current) and thereafter (Post 1 to Post 3), the coefficients are
all significantly positive, and the magnitude shows an increasing trend year by year
(increasing from 0.112 to 0.258). This indicates that the promoting role of digital infra-
structure on firm innovation quality is not a one-off shock but has sustained and lagged
enhancement effects.

Table 3. Parallel Trend and Dynamic Effects Test.

Variables InInvPat
Pre 3 0.021
-0.045
Pre 2 -0.015
-0.038

Pre 1 (Baseline Group) -

Current 0.112%*
-0.048
Post 1 0.175%%*
-0.052
Post_2 0.210%**
-0.056
Post 3 0.258%**
-0.062
Controls Yes
Firm FE Yes
Year FE Yes
Observations 24,560
R-squared 0.345

*Note: Robust standard errors clustered at the city level are in parenthe-
ses. ¥** ¥ * denote significance at the 1%, 5%, and 10% levels, re-

spectively.

4 Conclusion

Using the "Broadband China" strategy as a quasi-natural experiment, this paper con-
structs a theoretical framework containing four sequential hypotheses and confirms that
digital infrastructure construction significantly promotes the improvement of firm in-
novation quality (invention patents) (supporting H1). Parallel trend tests and dynamic
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analysis indicate that this promoting effect is causal and increases over time. This find-
ing validates that the mechanisms proposed in the theoretical analysis, namely reducing
information costs (H2), accelerating knowledge spillover (H3), and alleviating financ-
ing constraints (H4), have played a positive role in the aggregate. Policies should con-
tinue to advance new infrastructure construction and consolidate the physical base for
the development of the digital economy.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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